Abstract-This paper addresses the transparent and realistic optimum day-ahead (DA) scheduling for a hybrid power system by explicitly considering the uncertainties. The basic components of the hybrid power system include conventional thermal generators, wind farm, and solar photovoltaic (PV) modules. A set of batteries is available for energy storage and/or discharge. The most critical problem in operating a wind farm or solar PV module is that these renewable energy resources cannot be dispatched in the same manner as conventional plants, because they involve climatic factors such as wind velocity and solar irradiation. This paper proposes the optimal scheduling strategy taking into account the impact of uncertainties in wind, solar PV, and load forecasts, and provides the best-fit DA schedule by minimizing both DA and real-time adjustment costs including the revenue from renewable energy certificates. This strategy consists of a genetic algorithm (GA)-based scheduling and a two-point estimate-based probabilistic real-time optimal power flow. The simulation for the IEEE 30-bus system with the GA and two-point estimate method, and the GA and Monte Carlo simulation have been obtained to test the effectiveness of the proposed scheduling strategy.
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NOMENCLATURE (.)
Uncertain Number of solar RECs (SRECs).
N S
Number of solar photovoltaic (PV) plants.
N W
Number of wind generators/farms. P Dev,i Deviation power from ith conventional thermal generator in MWs.
P Gi
Scheduled power from ith conventional thermal generator in MWs. P 0
Gi
Power output of ith conventional thermal generator at previous hour in MWs.
P min
Gi , P max
Gi
Minimum and maximum power limits of ith conventional thermal generator in MWs.
P rj
Rated wind power from jth wind generator in MWs.
P wf ,j
Forecasted wind power from jth wind generator in MWs.
P wj
Scheduled wind power from jth wind generator in MWs.
P sr
Equivalent rated power output of the solar PV generator in MWs.
P S
Power output of solar energy system in MWs.
P b
Power change/discharge to/from battery in MWs.
Q Gi
Generator Rated, cut-in, and cut-out wind speeds (m/s).
Cost coefficients of ith conventional thermal generator in real time in $/h, $/MWh, $/MW 2 h, respectively. δ i , δ j Voltage (phase) angles at buses i and j in degrees.
I. INTRODUCTION

I
N RECENT years, the penetration of renewable power generation has increased substantially, and is expected to grow in the future. The latest Global Wind Report Annual market update 2012 from the Global Wind Energy Council reports [1] that the 2012 global wind power market grew by more than 10% compared to 2011. Nearly 45 GW of new wind power capacity resulted from about 56 billion euros of investment. The new global total capacity at the end of 2012 was 282.5 GW, equal to about a quarter of the power generation capacity of the U.S. The U.S. wind energy industry had a record year in 2012, installing 13.1 GW and exceeding 60 GW total installed wind power capacity. During 2012, 12.7 GW of wind power was installed across Europe. European Union countries accounted for 11.9 GW of this, 23% more than the previous year.
Solar power is growing at a very rapid clip. Total global solar PV capacity is fast approaching the 100 GW milestone, according to a new report from the International Energy Agency [2] . The report notes that even with some uncertainty present about the future state of PVs in the European and Chinese markets, that global installed capacity will almost definitely hit the 100 GW milestone within the year. PV technologies instantaneously convert the irradiance into electricity, this change in irradiance causes immediate changes in power generation. For the wind power technology, it is correct to classify as variable output power source instead of intermittent source, because the power output does not start and stop on the basis of minute time scale. For the PV power plants, the term intermittent fits well, because cloud shadowing can abruptly change the production. Even a clear day, without the effect cloud shadows, for sunrise and sunset, the solar-based generation varies 80% in 1 h, simultaneously, for all solar power generation in the system [3] . With the increasing penetration of renewable power into the power grid, maintaining system reliability has been a challenging issue for independent system operators (ISOs)/regional transmission organizations, due to the intermittent nature of wind and solar PV power [4] .
The issue of global warming can be addressed through a reduction in green house gas emissions from fossil fuels. This can be achieved through promotion of renewable energy generation technologies. For this, the ISOs are required to set targets called renewable purchase obligation (RPO). These targets are set for the load serving entities to procure a minimum of the specified percentage of RPO from renewable energy generation. To meet the RPO, there are different renewable energy generation technologies available, each associated with a certain cost. A REC is a paper or electronic instrument which represents the property rights to the environmental, social, and other nonpower attributes of renewable energy generation. RECs represent the same attributes at the point of use as at the point of generation. RECs are created at the point of renewable energy generation. These can be traded [5] . REC mechanism is designed to drive investment in low-carbon energy projects. These are neither constrained by the geographical location of their creation nor by transmission congestion. The REC allows the owner to claim that the specified quantity of electricity was produced from renewable energy sources. One REC is equivalent to 1 MWh of electricity generated from renewable energy sources. SRECs are RECs that are specially generated by solar energy.
In the literature, several methods for generating scenarios of short-term wind and solar power have been proposed [6] - [14] .
In [11] , day-ahead (DA) unit commitment (UC) in wind-coal intensive power systems with special attention to achieving wind power benefits is proposed. In [14] , a robust optimization approach for UC is developed to maximize social welfare under worst case wind power output and demand response scenarios. A scenario generation method has been developed in [15] based on statistical distribution of wind power forecast error and fluctuation. This method is used to obtain the scenarios, which contain the information of both forecast error distribution and fluctuation distribution for short-term wind power. Eftekharnejad et al. [16] studied the impact of increased penetration of PV systems on static performance as well as transient stability of a large power system, in particular the transmission system. The objective in [17] is to minimize the total system planning cost comprising investment and operation costs of local microgrids, the co-optimized planning of large generating units and transmission lines, and the expected cost of unserved energy. Trivedi et al. [18] addressed DA thermal generation scheduling as a realistic multiobjective optimization problem in an uncertain environment considering system operation cost, emission cost, and reliability as the multiple objectives.
The effect of wind-power generation on the DA market prices in the Pennsylvania-New Jersey-Maryland interconnection electricity market using robust econometric models and statistical inference is examined in [19] . Security is imposed by guaranteeing power balance under each contingency state including both generation and transmission assets is presented in [20] . A probabilistic methodology to estimate a demand curve for operating reserves, where the curve represents the amount that a system operator is willing to pay for these services is proposed in [21] . An enhanced optimization formulation to determine the type of power generation mix that can meet a given carbon emission target at the minimum cost is proposed in [22] . In [23] , an optimal scheduling of short-term electric power generation problem is solved using a hybrid method based on the combination of hybrid particle swarm optimization and Monte Carlo simulation (MCS). The scheduling strategy for the hybrid system by optimizing the power flow, reducing system operating costs, and guaranteeing system stability at the same time is proposed in [24] .
From the above literature, it can be observed that there is no optimal scheduling approach, which will handle the uncertainties in wind, solar PV, and load demand including RECs mechanism. In view of the uncertainties involved in wind, solar PV generation and load demand forecast, DA scheduling strategies need to adapt to these requirements approximately. In the proposed optimal scheduling strategy, the uncertainties in wind, solar PV generation, and/or loads are handled by the system operator through anticipated real-time (RT) adjustment bids.
The contributions of this paper are briefly summarized as below: 1) to incorporate the impact of thermal, wind, and solar PV uncertainties in a transparent and realistic manner; 2) to determine the optimum mean adjustment cost (MAC) (MAC corresponds to the cost of adjustments to be made in RT, due to differences in wind, solar PV, and load demand availability, in DA schedule and RT schedule); 3) to determine a "best-bit" DA schedule, which minimizes the sum of costs associated with thermal generator, wind, and solar PV plants with storage and the MAC; 4) genetic algorithm (GA) and two-point estimate (2PE) probabilistic optimal power flow (P-OPF) is used to generate sample scenarios for a DA schedule and to evaluate the MAC in RT. The remainder of this paper is organized as follows. The proposed optimum scheduling problem formulation is presented in Section II. Section III presents the solution procedure for DA optimum scheduling strategy considering wind, solar PV, and load forecast uncertainties. The proposed optimum scheduling problem formulation is presented in Section III. Section IV presents the description about wind and solar energy systems. The results are presented and discussed in Section V. The conclusion is finally drawn in Section VI.
II. OPTIMUM SCHEDULING: PROBLEM FORMULATION
The wind and solar PV producers, who participate in DA markets, have to submit their offers several hours before the operation. In the Spanish electricity market, offering period is usually h ahead. This paper investigates the offering of wind, solar PV power in the DA electricity market. Each power system has its own set of rules/policies for incorporating renewable power into the electricity markets. Depending on whether to consider wind and solar PV power generation as schedulable or nonschedulable, two market practices resembling above two philosophies exist around the world. The modalities involved in these two practices are different.
In this paper, it is assumed that wind and solar PV generators are participating in the electricity market and they can be schedulable. The output of wind turbine and solar PV cell are predicted according to the weather prediction. As the input energy of wind power generation (wind forecast) and solar power generation (solar irradiation forecast) are uncertain, the output of these units is uncertain too. Usually, a probability distribution curve is used to model the related uncertainty. In this market practice, wind and solar powers can be scheduled, and can bid in the market. However, it should consider appropriate amount of reserve in operational plan. The required amount of reserve can be determined using probability density function (PDF) of wind/ solar PV power generation. Some power systems, like the Spanish, have already a large penetration of wind and solar PV power [27] . As such, they are trying to force wind farms/solar plants to bid in the DA market, like a common thermal or hydro generator, in order to create a fair competition among different generation technologies. If the bid of a given wind farm/solar PV plant is accepted, the amount of power contracted must be delivered. If they are not capable of doing so, financial penalties are imposed [28] .
The renewable energy sources are augmented with storage devices such as batteries or fly wheels, and the total power output from these sources is scheduled subjected to maximum utilization of renewable energy/power utilization. The power output from these renewable generators can also scheduled to give the output that is less than its maximum available value, under the existing operating conditions, in the name of derating. In this regard, the research has already been started in solar PV and wind, and expected to gain the pace in the near future. In de-rating mode of operation, the power electronic converters controls the generators to deliver the scheduled power.
The output of wind turbine and solar PV cell are predicted according to the weather forecast. As the input energy of wind power generation (wind forecast) and solar PV power generation (solar irradiation forecast) is uncertain, the output of these units is uncertain too. Usually, a probability distribution curve is used to model the related uncertainty. To guarantee the power contracted, the wind farms must have state-of-theart forecasting tools as well as advanced control schemes, like pitch control, to control its power output. Similarly, solar PV plants must have efficient forecasting tools as well as the advanced storage technologies.
In this paper, the optimal scheduling strategy for integrated operation of thermal, wind and solar PV power plants in the centralized electricity market is presented. The optimization problem is formulated Minimize
The terms in the above expression are explained below.
The first term in the objective function [see (1) ] is the fuel cost of conventional thermal generators, and is given by
The second term is the direct cost to the wind farm owner for a scheduled wind power. In the case where the wind/solar PV plants are owned by the system operator, the cost function may not exist as the wind/solar PV power requires no fuel, unless the system operator wants to assign some payback cost to the initial outlay for the wind/solar PV plants or unless the system operator wants to assign this as a maintenance and renewal cost [29] . But, in a nonutility-owned wind/solar PV plants, the wind/solar PV generation will have a cost that must be based on the special contractual agreements. The output of the wind/solar PV generator is constrained by an upper and lower limit, decided by the system operator based on the agreements for the optimal operation of the system [30] . For simplicity, this can be considered to be proportional to the scheduled wind/solar PV power or totally neglected [31] , [32] . Therefore, the cost is neglected in the system-operator-owned wind/solar PV plants, and considered to be proportional to the scheduled wind/solar PV power for the nonutility-owned wind/solar PV plants. In this paper, a linear cost function is used for the scheduled wind power [33] , [34] , and is given by
The third term is the direct cost for the scheduled solar PV power. As explained earlier, a linear cost function is used for the scheduled PV power, and is given by
where t k is the direct cost coefficient of kth solar PV system. The fourth term is the MAC, which accounts the cost due to uncertain nature of wind and solar PV power and load demand. In RT, thermal generators deviate from their DA schedules due to uncertain nature of wind velocity, solar irradiation, and load forecast. This deviation power is the difference between DA-scheduled power (P DA Gi ) and uncertain RT power ( P RT Gi ). A quadratic RT adjustment cost function is used to calculate the MAC, and is given by
The fifth term is the revenue received by selling the nonsolar RECs, and is expressed as
The sixth term is the revenue received by selling the SRECs, and is expressed as
A. Equality and Inequality Constraints
The equality and inequality constraints for the above problem are presented next.
1) Nodal Power Balance Constraints:
The power balance constraints include active and reactive power balances. The sum of power generated by conventional thermal generators, wind farms, and solar PV modules, is equal to the sum of the total demand and losses in the system (9) where i = 1, 2, . . . , n. P Di and Q Di are the ith load active and reactive power, respectively. Y ij = G ij + jB ij is the ijth entry of the nodal admittance matrix. G ij and B ij are the transfer conductance and susceptance between buses i and j, respectively.
2) Generator Constraints: The power output of each thermal generator is restricted by their minimum, maximum limits, and generator rate constraints
The power output of each wind generator is restricted by
where P rj is submitted as part of the wind producer energy offer. In DA scheduling, the wind power (P wj ) varies in the following range:
where P wf ,j is the forecasted wind power from jth wind generator, which is obtained from the forecasted wind speed.
The maximum penetration of solar PV to system is given by
where P S (MW) is the solar PV active power generation (unknown) and P max S (MW) is the available maximum active power generation (known) subject to solar irradiation and temperature.
Generator voltage magnitudes (V G ) and generator reactive power (Q G ) are restricted by their lower and upper limits
3) Security Constraints: These include the limits on the load bus voltage magnitudes, line flow limits, and transformer constraints
where V Li is load bus voltage magnitude at bus i. S ij is MVA flow and S max ij is thermal limit of the line between buses i and j, T i is transformer tap settings.
B. RT-OPF Model
Probabilistic RT-OPF is used to calculate the MAC, and the 2PE OPF is used to solve this problem [35] - [37] . This two-point estimate method (2PEM) uses deterministic OPF [36] . The deterministic and probabilistic RT-OPF models are formulated below.
1) Deterministic RT-OPF Model:
In this model, the objective is to minimize the deterministic MAC, and is formulated
Subjected to equality and inequality constraints presented in Section II-A.
2) Probabilistic RT-OPF Model: In this model, the objective is to minimize the MAC due to uncertainty in wind, solar PV power, and load forecasts. For probabilistic RT-OPF, the uncertain random variable is P RT Gi due to uncertainties in wind, solar PV power, and load demand at RT. Hence, (19) becomes (20) where P RT Gi is a random variable.
Subjected to equality and inequality constraints presented in Section II-A. This problem is solved using 2PE OPF [38] .
In RT, if the scheduled wind power (P wj ) varies in ± %, then P min max = P wf ,j − ( /100 × P wf ,j ) and P max max = P wf ,j + ( /100 × P wf ,j ). Therefore, in RT-OPF P min max ≤ P max ≤ P max max (21) 0 ≤ P wj ≤ P max (22) and the similar explanation is valid for solar PV power generation also. In order to account for uncertainties in the DA optimal scheduling, a 2PEM [35] is used. Both MCS and 2PEM use deterministic routines for solving probabilistic problems [36] , [38] ; however, the latter requires a much lower computational burden. The 2PEM overcomes the difficulties associated with the lack of perfect knowledge of the probability functions of stochastic variables, since these functions are approximated using only their first few statistical moments (i.e., mean, variance, skewness, and kurtosis). Therefore, a smaller level of data information is needed [36] . This method needs 2m runs of the deterministic OPF for m uncertain variables, and it does not require derivatives of the nonlinear function used in the computation of the probability distributions. The description of 2PEM and MCS methods are presented in the Appendix.
III. PROPOSED APPROACH FOR OPTIMUM DA
SCHEDULING WITH UNCERTAINTIES For a specified DA schedule, one can not be sure that the actual RT conditions would be same. In order to accommodate these changes, a RT-OPF problem is solved using the adjustment bids supplied by the market participants. However, while optimizing the DA schedule, one does not know, what will be the RT condition. Hence, a P-OPF with the uncertainty data given, appears to be a good option. The difference in the DA and RT schedules can be used to evaluate the MAC. This solution approach/procedure is shown in Fig. 1 . This figure depicts the two-stage optimal scheduling strategy including DA-OPF and probabilistic RT-OPF. The MAC is calculated using probabilistic RT-OPF. The probabilistic RT-OPF is solved inside the DA-OPF module. In this paper, we have not considered the uncertainty in RT adjustment bids. For simplicity, we have assumed that the RT adjustment bids considered for next-day operation while doing this optimal scheduling exercise are the same as those in today's operation. Hence, in the proposed approach, uncertainties in wind, solar power generations, and/or load demands are handled by the system operator through anticipated RT adjustment bids.
Corresponding to a given DA-generation schedule, the MAC is evaluated over the uncertainty range of wind, solar PV, and load demand forecast, using P-OPF. Therefore, analytical expression of this cost, in terms of the DA schedule variables, is not possible. Because of this, the gradient-based optimization techniques can not be used, and one has to resort to meta-heuristic optimization techniques.
Here, GA is used to solve this optimal scheduling problem. In the first stage, i.e., in outer loop, GA is used to get the DA schedules. RT schedules are obtained using the probabilistic 2PEM, which is solved in the inner loop. Using these DA and RT schedules, deviation power (P Dev,i ) is calculated. P Dev,i is the difference between DA scheduled power and uncertain RT power. The MAC is calculated by considering the RT adjustment bids. After calculating the MAC, the objective function (in this paper, the total cost minimization) is formulated and is optimized using GA.
In order to find the optimal decision variables, to optimize an objective function and to satisfy the constraints, the variables are to be represented in binary strings. The description about representation and encoding of chromosome is presented in [25] . The brief overview of GA and genetic operators are explained in the Appendix. The fitness function evaluation is presented in [26] .
The RT schedules are obtained using P-OPF to account for the uncertainties involved due to wind, solar PV power generations, and load demand forecasts. Since OPF, basically being a deterministic tool, has to run many times to encompass all possible operating conditions in RT. More accurate MCS methods, which are able to handle complex random variables, provide an alternative, but are computationally more demanding. Therefore, in this paper, an efficient 2PEM-based P-OPF is used.
IV. WIND AND SOLAR ENERGY SYSTEMS
A. Wind Energy System
In order to be able to rationally approach the optimal scheduling problem, some characterization of the uncertain nature of the wind speed, solar irradiation, and load demand are needed. A major barrier to the integration of the wind and solar power into the grid is its variability. Wind and solar power prediction plays an important role in the system integration of the large-scale wind and solar power. Various probability distribution models were used or proposed for the statistical analysis of recorded wind speeds.
In this paper, Weibull PDF for the wind speed is assumed and then, transformed to the corresponding wind power distribution for use in the optimal scheduling model. The wind power derived will follow the stochastic nature as compared to the wind speed [39] , [40] . For each wind power unit, the power output for a given wind speed input is given by [41] and [42] 
In this paper, wind speed is modeled using Weibull PDF, and the detailed probabilistic wind turbine model is described in [31] .
B. Solar Energy System
For the generation scheduling and dispatch, electric utilities are interested in the availability of solar PV power on an hourly basis. The hourly meteorological data are needed to simulate the performance of the solar energy. Fig. 2 depicts the grid connected solar PV system with battery storage. The actual size of the battery will depend on the amount of peak shaving desired.
Considering the presence of the battery storage, the power output from solar PV cell (P pv ) is not the same as that from power output of PV plant/solar energy system (P S ). The power balance in solar energy system is
In this paper, we assume that there is no spillage power (P u (MW)) from PV generator. We also ignore the effect of spillage power of the aggregated battery. P S can be either positive or negative. A positive P S indicates power flow from the PV plant to the utility. In this paper, it is assumed that the battery voltage keeps constant during the scheduling period. The maximum charge and discharge power of the battery is represented by
where P b is aggregated discharging power limit (positive) for all batteries (MW) and P b is aggregated charging power limit (negative) of all batteries (MW). This limit depends on the rating of the battery. P b is the power charge/discharge to/from battery (MW). P b is positive for discharging and negative for charging. If C init and C are the aggregated battery state (SoC) of charge of all batteries (KAh) at the beginning and the end of the scheduling period (say 1 h). The contribution of solar PV plant to the utility during interval " t" (1 h) is expressed as [6] 
where η b is the efficiency of the battery during the charging period (75%) and P pv (·) is the solar radiation to energy conversion function of the PV generator or power output from solar PV cell, and given by
Here, it is noted that PV cell temperature is neglected. The distribution of hourly irradiation at a particular location usually follows a bi-modal distribution, which can be seen as a linear combination of two uni-modal distribution functions. The uni-modal distribution functions can be modeled by beta, Weibull, and log-normal PDFs. In this paper, Weibull distribution is employed, and the description of probabilistic solar PV model is presented in [11] .
V. RESULTS AND DISCUSSION
IEEE 30-bus system [43] is used to establish the effectiveness of the proposed optimal scheduling strategy of hybrid power system. The test system consists of six generators, of which four are conventional thermal generators located at buses 1, 2, 5, and 8; and two are assumed to be renewable energy resources (RERs), located at buses 11 and 13. A wind energy system is assumed at bus 11, and a solar energy system is assumed at bus 13.
The maximum power limit of wind generator is 45 MW. Here, we have assumed the forecasted wind velocity as 10 m/s. For a given wind speed forecast, the wind power output is calculated using (23) . Therefore, the wind power output is 35 MW i.e., from the system optimization point of view, the scheduled wind power generation can go anywhere from 0 to 35 MW, provided there is no uncertainty in the wind power generation. If we consider the uncertainty in the wind power generation, then maximum generation limits are differed by uncertainty margin [using (21)]. For the 2PEM, the samples are generated between P min max and P max max , which will follow Weibull PDF. Weibull PDF is assumed to represent wind speed, and then transformed to the corresponding wind power distribution for use in the optimal scheduling strategy. In this paper, Weibull PDF is used for wind power generation, because of its simplicity. However, other distribution functions can also be used, if deemed appropriate.
The maximum power generation limit of solar PV system is 40 MW. Here, we have assumed the forecasted irradiation is 500 W/m 2 . For a given solar irradiation forecast, the solar PV power output is calculated using (27) . Therefore, the solar PV power output (P G pv ) is 20 MW. Bi-modal distribution function is used to represent the uncertainty in the solar PV power generation. The minimum and maximum limits of SoC of the battery are considered as 5 and 15 KVh, respectively. The SoC of the battery at the operating hour is assumed to be 10 KAh. The efficiency of the battery and inverter are 75% and 95%, respectively. The price of nonsolar and solar RECs are 5 and 15 $/MWh, respectively. The uncertainty levels of wind, solar PV power, and load demand forecasts depends on the historical data and their probability analysis (i.e., mean, standard deviation, etc.). In this paper, we have considered ±20% and ±30% uncertainty for wind and solar PV plants; and ±5% and ±10% for load demands based on the historical wind speed, solar irradiation, and load demand data given in [44] . The optimization programs are coded in MATLAB and implemented on a PC-Core2 Quad computer with 3.24 GB of RAM.
The results obtained with proposed approach are also compared with those of MCS. Every Monte Carlo study requires generation of appropriate values of the random variables in accordance with the respective prescribed probability distribution [45] . In MCS, the random wind power generations (samples) are generated according to Weibull distribution, the random solar samples are generated using bi-modal distribution, and the random load demand samples are generated in such a way that they will follow normal distribution. The simulation results for different case studies are presented next. consider any uncertainties in wind, solar PV power generation, and load forecasts. In this case, the total cost minimization objective function does not consist fourth term of (1), i.e., MAC is not included in the objective function. In this case, the scheduled wind power is 35 MW, and scheduled power from the solar PV system is 23.0578 MW, which is the sum of power generated from solar PV generator (18.6938 MW) and the aggregated battery (4.3640 MW). As the proposed approach includes the RECs mechanism in the optimal scheduling problem, revenue can be obtained by selling the nonsolar and solar RECs. In this case, the revenue obtained by selling the nonsolar RECs and solar RECs is 750 $/h. Therefore, the total cost obtained is 1161.1207 $/h, which is the difference between generation cost (1911.1207 $/h) and the revenue obtained from RECs (750 $/h). Hence, including the RECs mechanism in optimal scheduling strategy reduces the total cost of power generation in the system. Table II shows the optimum scheduled power generation and objective function value for the total cost minimization objective with ±20% uncertainty in wind and solar power generation. Here, the total cost minimization objective function [see (1) ] is optimized using the procedure given in Section II.
A. Case 1: Total Cost Minimization With no Uncertainties in Wind, Solar PV Power Generation, and Load Forecasts
B. Case 2: Total Cost Minimization Objective With Uncertainty in Wind Power Generation
As the forecasted wind velocity assumed is 10 m/s, the DA schedule of wind generator is between (0-35) MW. Here, ±20% uncertainty in wind power generation is considered, hence in RT, the maximum schedules of wind generator is uncertain in (28-42) MW range using (21) . As considered earlier, the forecasted solar irradiation is 500 W/m 2 , the DA schedules of solar PV generation is between (0-20) MW. In this case, ±20% uncertainty in solar PV power generation is considered, hence in RT, the maximum schedules of solar PV generation is uncertain in (16) (17) (18) (19) (20) (21) (22) (23) (24) MW range. This uncertain RT-OPF problem is solved using 2PEM. The 2PEM utilizes deterministic OPF. This deterministic OPF is solved using the MATLAB Optimization Toolbox (FMINCON function) . The DA-OPF is performed using GA.
The obtained optimum scheduled wind power generation is 34.8803 MW, and the solar PV system is 23.3941 MW, which is the sum of power generated from solar PV generator (18.9629 MW) and the aggregated battery (4.4312 MW). Therefore, the revenue obtained from the RECs is 745 $/h. The cost incurred for the generation and RT adjustments are 1936.0521 and 80.2459 $/h, respectively. The revenue obtained from the nonsolar and solar RECs is 745 $/h. Therefore, the optimal total cost obtained in this case is 1271.2981 $/h (i.e., 1936.0521 $/h + 80.2459 $/h − 745 $/h). The total cost obtained in this case is higher than cost obtained from Case 1, due to ±20% uncertainty in wind and solar PV power generation.
The accuracy of the proposed approach using 2PEM is tested by comparing the results obtained from the MCS with 10 000 samples. This number of simulations are high enough to guarantee the convergence of MCS method. Here, the MAC is obtained from the 2PE approach is validated/compared with MCS. In this case, the MAC obtained from MCS and the proposed approach are 80.2601 and 80.2459 $/h, respectively, which are in close agreement.
As discussed earlier, whether we consider uncertainty in DA schedule or not, the conditions in RT will always be different, requiring a RT adjustment OPF, and the associated adjustment cost. Since, at the DA stage, the RT picture is unknown, only a MAC can be evaluated. Hence, the conventional DA scheduling (i.e., considering schedules from Case 1) with ±20% uncertainty in wind and solar PV power generation has the MAC of 221.0395 $/h. Therefore, the cost incurred for the generation and RT adjustments are 1911.1207 and 221.0395 $/h, respectively. Hence, the total cost is 1382.1602 $/h (i.e., 1911.1207 $/h + 221.0395 $/h − 750 $/h). This value is greater than the cost obtained from the proposed approach (i.e., 1271.2981 $/h). Hence, although the best-fit DA schedule has a slightly higher generation cost (i.e., 1936.0521 $/h) compared to that with the conventional schedule (i.e., 1911.1207 $/h), it has much lesser MAC (i.e., 80.2459 $/h) compared to that with the latter (i.e., 221.0395 $/h), giving overall savings.
Table II also shows the scheduled thermal, wind, and solar PV power outputs and objective function value for total cost minimization objective with ±30% uncertainty in wind and solar PV power generation. In RT, the maximum schedules of wind generators are uncertain in (24.5-45.5) MW range [using (21) ]. But, the maximum physical limit of wind generator is 45 MW. Hence, in RT, the uncertain range restricted to 24.5-45 MW. Similarly, in this case, ±30% uncertainty in solar PV generation is considered, hence in RT, the maximum schedules of solar PV generation is uncertain in (14-26) MW range.
For the wind farm located at bus 11, the scheduled power generation is 34.1709 MW, and for the solar PV system located at bus 13, the scheduled power is 20.6371 $/h, which is the sum of the power generated from the PV generator (18.5314 MW) and the aggregated battery (2.1057 MW). Therefore, the revenue obtained from nonsolar and solar RECs is 670 $/h. In this case, the thermal, wind, and solar PV generation cost is 1917.0796 $/h, and the MAC is 90.9548 $/h. Therefore, the optimum total cost obtained in this case is 1338.0344 $/h (i.e., 1917.0796 $/h + 90.9548 $/h − 670 $/h). The MAC obtained using proposed approach is validated using MCS. The MAC obtained from MCS (10 000 samples) with ±30% uncertainty in wind and solar PV power generation is 90.9489 $/h, which is closely matching with value obtained from the proposed approach considering 2PEM.
Suppose, if we consider the schedules of Case 1 (i.e., conventional DA optimal scheduling) and calculating the MAC with ±30% uncertainty in wind and solar PV power generation, then the obtained MAC is 247.6511 $/h, and the generation cost same as Case 1, i.e., 1911.1207 $/h. Therefore, the total cost is 1408.7718 $/h (i.e., 1911.1207 $/h + 247.6511 $/h − 750 $/h), which is higher than the cost obtained from the proposed approach with ±30% uncertainty (Case 2) i.e., 1338.0344 $/h, even though the best-fit DA schedule has a higher generation cost (1917.0796 $/h) compared to that with the conventional schedule cost of Case 1 (i.e., 1911.1207 $/h). Table III shows the optimum scheduled power outputs and objective function value for total cost minimization objective with ±5% uncertainty in load forecast. Here, it is assumed that wind and solar PV generators are not participating in the RT adjustment, only thermal generators will participate in RT adjustment bidding.
C. Case 3: Total Cost Minimization Objective With Uncertainty in Load Demand Forecasts
In this case, the optimum scheduled wind power is 34.6667 MW, and solar PV generation is 23.2616 MW, which is the sum of the power generated from the solar PV generator (18.9582 MW) and the aggregated battery (4.3034 MW). Therefore, the revenue obtained from the RECs is 745 $/h. The MAC due to ±5% uncertainty in load forecast is 37.8166 $/h. Hence, the obtained optimum total cost is 1204.8572 $/h (i.e., 1912.0406 $/h + 37.8166 $/h − 745 $/h).
Table III also shows the optimum scheduled power generation and objective function value for the ±10% uncertainty in load demand. In this case, the obtained MAC is 45.6530 $/h, Table IV shows the optimum thermal, wind and solar PV scheduled power outputs, and objective function value for total cost minimization objective with ±20% uncertainty in wind, solar PV power generation, and ±5% uncertainty in load demand forecast. For the wind farm located at bus 11, the scheduled power is 34.6410 MW and the solar PV system located at bus 13, the scheduled power is 22.8271 MW, which is the sum of power generated from the solar PV generator (18.7402 MW) and the power generated from the aggregated battery (4.0869 MW). In this case, the optimum total cost obtained is 1353.6916 $/h, which includes thermal, wind and solar PV generation cost of 1967.7203 $/h, MAC of 105.9713 $/h, and the revenue obtained from nonsolar and solar RECs is 720 $/h. Table IV also shows the scheduled thermal, wind, and solar PV power outputs, and objective function value for total cost minimization objective with ±30% uncertainty in wind and solar PV power generation, and ±5% uncertainty in load forecast. For the wind farm located at bus 11, the scheduled power is 30.5043 MW, and the solar PV system located at bus 13, the scheduled power is 20.6962 MW. In this case, the optimum total cost obtained is 1417.4241 $/h, which includes thermal, wind and solar PV generation cost of 1949.6433 $/h, and MAC of 117.7808 $/h. The total cost obtained in this case is higher compared to all other cases, because of higher uncertainty.
In all the cases studied, the cost of the best-fit generation schedule is just marginally higher than that with the conventional one. However, the difference in the MAC between bestfit schedule and conventional schedule is substantial. Hence, implementing the best-fit schedule will in general, be quite economical than the conventional one. It can be concluded from the results that by including the RECs mechanism in the optimal scheduling strategy reduces the risk of fulfillment of RPO set by the electricity regulatory commissions, and reduces the total cost of power generation in the system.
VI. CONCLUSION
This paper proposed a new optimal scheduling strategy taking into account the impact of uncertainties in wind, solar PV, and load demand forecasts, and provides the best-fit DA schedule by minimizing the both DA and real-time adjustment costs including the revenue from RECs. To accomplish this, an anticipated RT MAC, that accounts for the wind, solar PV power, and load uncertainties, is introduced in a DA-scheduling problem. This MAC is calculated considering DA schedule and various probabilistic RT operating scenarios. Results in all test cases indicate that with just a marginal increase in the cost of DA generation schedule, a substantial reduction in RT MAC is obtained. The effectiveness of the proposed approach is tested on IEEE 30-bus system. Validation of results for a few cases has also been done using MCS. The integration of proposed optimal scheduling approach with UC status and security constrained optimal scheduling considering uncertainty in RT adjustment bids is a scope for future work.
APPENDIX
A. Brief Overview of GA
The GA starts with a random population of chromosomes. Each population member is then evaluated for the given objective function and is assigned fitness. The algorithm then checks for the stopping condition. The condition can be either all population members assume equal fitness values or when a maximum number of generations are reached [25] . If the condition is not satisfied, the population members are arranged in descending order of their fitness value and genetic operators are applied to produce new and better fit population from old population by applying genetic operators like reproduction, elitism, crossover, and mutation. The reproduction is achieved by Roulette wheel selection technique [46] . In order not to loose the good solutions from the population, elitism operator is used. This operator prevents all population members from undergoing crossover operation. This operator preserves the best fit chromosomes in the current population, and prevents them from being modified during the crossover operation.
The reproduction operator makes copies of the best fit solutions in the next generation, but it cannot create any diversity in the population members. It only makes more copies of best fit solutions at the cost of least fit solutions. Crossover and mutation operators create new solutions in the population. In this paper, uniform crossover is used, which creates a random mask, and generates the child chromosomes from parents, using the bit value in the mask. Mutation operator is used for bringing further diversity in the population to capture unique potential solution that might have missed in the initial population. It creates an opportunity to create new chromosomes and avoids normal evolution by considering only reproduction and crossover. [35] - [38] This paper uses the 2PEM to model the uncertainty in power output from wind/solar power generating units and load demands. The Weibull and normal PDFs are used to model the variations of input random variables. In this method, for every uncertain variable, two deterministic values are computed, on each side of the mean. The deterministic OPF is then run for each of these values, while keeping all other uncertain variables, at their mean values.
B. Uncertainty Handling Using 2PEM
The optimum scheduling/OPF can be seen as a multivariate nonlinear function h of the form
where the random input vector X can be written as
and the output Y is adjustment cost of uncertain RT schedule with respect to a given schedule. It needs to be emphasized that although 2PE OPF procedure is general enough, we are using it for only evaluation of the MAC. The goal is to find the PDF f Y (y) of Y, when the PDF f X (x) is known, where x X and y Y. The MAC is evaluated using the following 2PE [38] procedure.
Step 1: Determine the number of uncertain variables m (m is total number of wind, solar PV generators, and uncertain loads).
Step 2: Set E(Y) = 0 and E(Y 2 ) = 0.
Step 3: Set t = 1.
Step 4: Determine the locations of concentrations ξ t,1 , ξ t,2 and the probabilities of concentrations P t,1 and P t,2
P t,1 = P t,2 = 1 2m .
Step 5: Determine the two concentrations x t,1 and x t,2 x t,1 = μ X,t + ξ t,1 σ X,t (33) x t,2 = μ X,t + ξ t,2 σ X,t (34) where μ X,t and σ X,t are mean and standard deviation of X t , respectively. Step 6: Run the deterministic OPF for both concentrations x t,i , i = 1, 2 using X = [μ 
Step 8: Repeat steps 4-7 for t = t + 1 until the list of uncertain variables is exhausted. Step 9: Calculate the mean and standard deviation using
The flow chart for handling the uncertainty using 2PEM is shown in Fig. 3 .
C. Uncertainty Handling Using MCS Method
The MCS is a technique that uses random numbers and their PDF to solve problems. This method is often used when the model is complex, nonlinear, or involves many uncertain parameters. A simulation can typically involve over 10 000 evaluations of the model, a task which is computationally expensive. The flow chart for handling the uncertainty using MCS method is shown in Fig. 4 .
